Abstract-Medical image processing is nowadays one of the best tools to make an informative model from a raw image of each part of the body, and segmentation is the most important step in which used to extract significant features. Coronary artery segmentation algorithm in angiograms is a fundamental component of each cardiac image processing system. There are lots of techniques and algorithms proposed for extracting coronary arteries in angiograms. But based on our knowledge, there is not any review paper to categorize and compare them together. In this paper, we have divided these algorithms into five major classes and propose a survey for the main class, pattern recognition, which is a famous technique in this manner. We studied all the papers in the pattern recognition class and defined six categories for them: (1) Multi scale approaches (2) Region growing approaches (3) Matching filters approaches (4) Mathematical morphology approaches (5) Skeleton based approaches and (6) Ridge based approaches. Finally, we made a table to compare all the algorithms in each category against criteria such as: user interaction, angiography types, dimensionality, enhancement method, full coronary artery output, whole tree output, and 3D reconstruction ability.
INTRODUCTION
Blood vessels are considered as one of the vital organs in the body and coronary arteries is one type of them, which deliver blood to the heart muscle. Therefore it is so important to choose exactly the best algorithm for extracting coronary arteries. The image modalities which used in this manner are: X-Ray Angiography, Cardiac CT Angiography (CTA), MR Angiography (MRA), Cardiac PET and SPECT. X-ray Angiography (x-ray arteriography or briefly angiography) is a medical imaging modality utilize to visualize the inside (lumen) of blood vessels. Actually this technique can be well used for heart organ to extract the coronary arteries and visualize stenosis of them for physicians in real-time. For this reason, it is the best type of images to diagnose and treat the cardiac coronary artery diseases. Coronary artery angiography is done by injecting a radio opaque contrast agent into the coronary arteries and imaging using X-ray based techniques such as fluoroscopy. The film or image of the blood vessels is called an angiograph or angiogram.
Several algorithms and techniques have been proposed regarding to blood vessel extraction. In this paper, we have presented a survey of techniques and algorithms particularly concentrating on the coronary artery segmentation from angiograms with pattern recognition techniques. Reviews and surveys on the blood vessel segmentation algorithms are presented in the literature [1, 3] . For instance, Kirbas et al. [1] well presented a comprehensive review of the all algorithms for vessel structure segmentation in 2D and 3D medical images, focused in a variety of application domains. This paper particularly focuses on the algorithms and techniques for the coronary arteries extraction in angiograms (coronary angiogram or cardiac angiogram), and no such review presented to the best of our knowledge. The aim of this paper is to review the coronary artery segmentation in angiograms with pattern recognition techniques, to provide an itemized resource of the algorithms employed for coronary artery segmentation to researchers for wellprepared reference for more details; to analyze the advantages and disadvantages of the different used approaches.
At first, we define each segmentation category and briefly survey all the papers by relevant category and after that provide a table and compare all the algorithms reviewed. The comparison includes pattern recognition techniques, the input type such as monoplane, bi plane, rotational angiography, DSA, dimensionality, enhancement methods, output type such as boundary, centerline, stenosis and whole tree extraction, and whether the algorithm is useful for 3D reconstruction or not.
The paper is structured in five sections; Section 2 briefly describes the coronary artery image enhancement and analysis in angiograms, and challenges associated with them. The categorization of coronary artery segmentation approaches with pattern recognition techniques in angiograms and brief description of papers in relevant category are proposed in Section 3. The discussion and comparison table is given in section 4. Finally the conclusion and future directions are illustrated in Section 5.
II. CORONARY ARTERY IMAGE ENHANCEMENT AND ANALYSIS IN ANGIOGRAMS
Although a number of techniques have been proposed for x-ray coronary angiograms segmentation, the literature on enhancing X-ray coronary angiograms for visualization purposes is so limited. Some of enhancement algorithms on coronary artery angiograms are based on specific noise models, for example quantum noise mode in [29] . The problem with these methods in the coronary angiogram is that there are always other various sources of noise with different natures that are comprised in this type of images which lead to unpleasant enhanced results. We can increase the contrast of vascular structures by removing the background, like piecewise normalization in [30] and rolling algorithm in [31] , but when these algorithms are applied on noisy images, they may also produce undesirable result; because part of coronary artery pixels intensity values may contain the same in the background intensity values and be removed. Other techniques for coronary artery angiograms enhancement are real-time image enhancement and using registration algorithms to enhance angiograms which can be found in [32] and [33] [1] . Pattern recognition can be determined as a categorization of input data into recognizable classes via the extraction of important features or attributes of the data from a background unrelated details. In the blood vessel extraction field, pattern recognition techniques are concerned with the segmentation of vessel structures (semi)automatically. Here we want to propose a categorization on the coronary artery extraction algorithms in angiograms which have used the pattern recognition techniques. For this reason, we studied on several coronary arteries segmentation algorithms in angiograms which used the pattern recognition technique, and categorized all of them into 6 categories as follows.
A. MULTI SCALE APPROACHES (MSA)
Multi scale approaches do segmentation at varying image resolutions. Major structures, such as large vessels, are extracted from low resolution images while fine structures are extracted at high resolution. The main advantage of this technique is increased processing speed. Another one is increased robustness. After segmenting the strong structures at lower resolution, weak structures, such as branches, in the neighborhood of the strong structures can be segmented at higher resolution [1] .
Sarwal et al. [4] used three views for reconstructing 3D coronary arteries by matching branch points in each view. They applied the simplex method based linear programming and relaxation based consistent labeling to skeletons from three views in order to obtain a matching of branches between views. To improve the robustness of the matcher, their matching process is performed at three different scales (resolutions). The stronger vessel tree branches are extracted at lower scale (resolution) while the weaker branches are extracted at higher scale (resolution). The extracted coronary arterial tree is used for 3D reconstruction.
Plourde et al. [5] used machine learning approach to make better Hessian based coronary artery extraction from angiograms. They proved that classify a large number of pixels is inefficient. Because it has a high computational time and also may be it does not take into account the neighbor of per pixel. Therefore, they proposed an image patches method to partly solve the influence of the mentioned problems, and so they applied various scales for the sizes of the mentioned patches.
Lacoste et al. [7] proposed a multi scale approach which uses marked point processes to perform an automatic extraction of the coronary arterial tree from 2D angiography. In their algorithm, at first the main branches are detected at low resolution using a segmentation process. Then, a polygon tree is derived from this first result in high resolution to represent the main part of the coronary tree and finally new branches are extracted using a recursive algorithm based on the modeling of the descendants of a given branch by a polyline process in the neighborhood of this branch.
B. REGION GROWING APPROACHES (RGA)
In this approach, it is assumed pixels that are close to each other and have the similar intensity values are likely to belong to the same object. Region growing approaches start from some seed point and add new pixels step by step. This approach consists of these steps: (1) choose a seed point. (2) Check the neighbor pixels and if they are similar to the seed, add them to the region. (3) Repeat step 2 for each of the new added pixels and stop if no more pixels can be added. Some disadvantages of this approach are: (1) It often requires the user-supplied seed points. (2) Due to the variations in image intensities and noise, region growing can result in holes and over-segmentation. Thus, it requires post-processing of the segmentation result.
Li et al. [11] proposed a novel method for coronary artery segmentation from angiograms based on region growing. This method consists of two parts: the feature map extraction based on a new vesselness function and the segmentation process which includes automatic seed-point selection. Their algorithm can segment large and small vessels.
Wang et al. [6] segmented coronary artery in angiograms with combining region growing and Hessian matrix multi scale filtering. In this method, they used Hessian matrix multi scale filtering to enhance the vessel and after that extracted the coronary arterial tree by using multi seed region growing algorithm. They showed that multi seed region growing algorithm can reduce computation time, and make better to connect the discontinuous vessels and also detect smaller and distal vessels.
Lara et al. [24] proposed a method for a semi-automatic coronary artery extraction in angiograms. In this method, region growing algorithm and a differential geometry approach are combined and they showed the proposed segmentation method identifies about 90% of the main coronary arterial tree. They also used Vessel Resemblance Function after each region growing step. This function assigns vessel resemblance values for each pixel of the angiogram. O'Brien et al. [8] is another method that is reviewed in skeleton based approaches part.
C. MATCHING FILTERS APPROACHES (MFA)
Object extraction can be done by convolving an image with various matched filters. This approach is defined as a matching filter approach. Because, each vessel has a various sizes and orientation, sometimes it is better to use several filters to extract the vessel contours. But it affects the computational time, depended the convolution kernel size. Matching filters approaches are often pursue with other image processing algorithms, such as thresholding and analyzing connected components.
Chen et al. [12] proposed an approach for lines segmentation like intersections, X-junctions, and branches, T-junctions, at different orientations using orientation space filtering technique. The characteristic of this approach is the image is represented by what is named "orientation space" by adding orientation axis to the abscissa and the ordinate of the image. The orientation space representation is then considered as a continuous variable to which Gabor filters, which represent lines at multiple orientations, can be tuned. Multiple orientation line detection is reached by thresholding 3D image of the orientation space and then detecting the connected components in the resulting image. Selecting suitable bandwidth for the Gabor filter is an important issue that affects the sensitivity of the filters to the lines. If the orientation bandwidth is small, the orientation selectivity is high. On the other hand, the response of a line having a high degree of curvature is small which means the sensitivity of the line is low. This feature requires a trade-off between sensitivity and selectivity for optimum multiple orientation line segmentation. The method is tested on synthesized and real biomedical images, and the results are discussed in [1] .
Khaleel et al. [13] proposed an automated algorithm to locate the outline of the coronary arterial tree in angiography images by using matched (Gaussian) filter. This algorithm consists of two main processes: Gaussian filter for vessels and thresholding. In this algorithm they followed Eichel et al. [14] and Hoover et al. [15] that applied kernels for matched filters by using twelve sets of 16×16 pixel kernels. For this reason, they applied a Gaussian matched filter to an angiography images by convolving it with all of the mentioned twelve kernels. The filter is essential in the vessel extraction, like segmentation. So, they use a controllable variance factor in the Gaussian function to segment the angiograms. Their idea comes from the strong relationship between the Gaussian response influences over the images which can produce automatically the threshold value for an image. Therefore, the threshold value will be determined according to that response of the Gaussian filter. So, their algorithm depends on the variance factor (controllable value 2 1 2 ≤ ∂ ≤ ) in Gaussian equation to affect its response, which can lead to extract appropriate threshold value for the image. Poli et al. [9] is reviewed in skeleton based approaches part.
D. MATHEMATICAL MORPHOLOGY APPROACHES (MMA)
Morphology relates to the study of feature's shape in an image. Morphological operators employ structuring elements (SE) to images, and structuring elements can be any size and make any shape. There are two main morphological operators: dilation and erosion. Dilation operator dilates objects by a structuring element, connecting disjoint regions and filling holes and erosion shrinks objects. Two other operations are Closing and Opening. Closing means dilation followed by erosion and opening means erosion followed by dilation. Top hat and watershed transformation are two algorithms related to mathematical morphology and used in medical image segmentation [16] .
Figueiredo and el al. in [17] proposed the non-smoothing approach in approximating artery contours in angiograms. Their approach has two characteristics. First, because smoothing an image adds distortion, their approach does not use smoothing step. And second, this approach does not use a constant background which makes it suitable for the unsubtracted angiography images. Edge detection is achieved by adapting a morphological (nonlinear) gray scale edge operator. Linear operators, such as matched filters or derivative-based schemes, would not work under the assumptions mentioned above. All local maxima, for each vessel cross section, of the morphological edge detector are considered as candidate edge points. Then dynamic programming is used to find the minimum cost path among the candidates by selecting a pair for each cross-section. Continuity and intensity terms are used as adapted costs in the process of selecting candidate edge points [1] .
Haris et al. [18] proposed a model-based morphological segmentation and labeling of the coronary arterial trees in angiograms. In this work, they presented a novel method for the extraction and labeling of coronary arterial trees based on artery tracking, morphological tools of homotopy modification and watersheds. The proposed algorithm requires little user supervision and its output is a tree that each node represents an artery and provides information about the artery centerline and borders, as well as its anatomic name. The tree edges represent the parent-child relationships between the coronary arteries. They used these stages for solving coronary artery extraction problem: (1) Extracting a polyline approximation of the arterial tree skeleton, along with a rough estimation of the artery width through artery tracking applied on a top hat transformed and smoothed version of the original angiogram (here actually morphological top hat operation is used to the original image in order to improve the tracking performance). (2) Accurately estimating the artery borders through homotopy modification and watershed transform.
Sun et al. [19, 20] introduced a fuzziness view of angiogram. Because they used morphological operator in their process, we categorized their method in this type. They used fuzzy operator to extract the vascular structure. At first, they applied morphological top hat operator to enhance the contrast between the artery and background. Then a combination of the fuzzy morphological opening with a set of linear structuring element is introduced to lessen the noise along the direction of vessel as well as decrease the noise in the background. Threshold of the image after fuzzy morphological filter produced the vascular tree.
Haris et al. [23] proposed an interactive approach to segment artery network in angiograms. The approach consists of 5 steps. At first they applied an adaptive smoothing process by utilizing anisotropic diffusion which keeps the structure of image. After that, they used partial derivatives of Gaussian filter for computing image gradient. Then watershed transform is applied to the result of image gradient magnitude in an initial partition image with several small homogeneous regions. After that a fast region merging process is applied to the result of partition image. And finally blood vessel region are segmented by a simple point and click interactive process. The segmented vessel network is represented by Region Adjacency Graph which provides spatial relationship information about the vessels in the network. The current version of this method works in 2D and it is reported that the smoothing algorithm used over smooth the thin vessels. Harris et al. [22] and Eiho et al. [10] are reviewed in skeleton based approaches part.
E. SKELETON BASED (CENTERLINE DETECTION) APPROACHES (SBA)
Skeleton based method is a type of vessel extraction techniques which used for blood vessel centerlines extraction. In this approach the vessel tree is created by connecting the centerlines and the resulting centerline structure is used for 3D reconstruction. Different approaches are used to extract the centerline structure. These methods can be categorized in these 3 types: (i) apply thresholding and then object connectivity, (ii) thresholding followed by a thinning procedure, and (iii) extraction based on graph description [1] .
O'Brien et al. [8] proposed a method for automatically segment coronary vessels in angiograms based on temporal, spatial, and structural constraints. The algorithm starts with a low pass filtering applied to the image as preprocessing. Then, initial segmentation starts with a user-supplied seed point. The system starts a region growing process to extract the initial approximation to the vessel structure. After that, the centerlines are extracted by employing a balloon test. Next, undetected vessel segments are located by a spatial expansion algorithm. At this stage, images are divided into two categories: vessel areas and non-vessel areas. However, there is no spatial or temporal connectivity information exists in the detected sub-regions. This information is extracted by applying an acceptance and rejection test using graph theory. Due to the extraction of the centerlines, we categorized it as a skeleton based approach.
Poli et al. [9] proposed an algorithm based on a set of multiple oriented linear filters obtained as linear combination of properly shifted Gaussian kernels, to real time enhance and detect vessels. These filters are sensitive to vessels of different orientation and thickness. There are two distinctive features that make their algorithm different than other matched filters methods. First one is the convolution masks are designed carefully to obtain maximum efficiency and second one is the output of the operators of different orientation and scale is integrated and validated to prevent the enhancement of the structures other than vessels. Vessel extraction is reached by employing a thresholding method called thresholding with hysteresis [21] . The algorithm is run on synthetic and real coronary angiograms and the results are reported as promising. Due to the skeleton detection process performed in this work, we classified it as a skeleton based approach.
Haris et al. [22] combined a recursive sequential tracking algorithm and morphological tools of homotopy modification and watersheds to automatically extract coronary arteries from angiogram images. Initial arterial tree skeleton extraction is initial segmentation of the arterial tree skeleton is attained through a tracking method based on circular template analysis. The result of this process is an approximation of arterial tree skeleton along with estimates of the artery width at each point. Then, the morphological tools of homotopy modification and watershed transform are utilized to analyze each artery segment for the accurate border extraction. Authors of the article admit that the system has a problem in extracting complete coronary tree. Due to the skeletonization of arterial tree, we classified this work as a skeleton based approach.
Eiho et al. [10] proposed a new method based on several morphological operators to extract coronary arterial tree in cineangiograms. This method consists of these steps: (1) The morphological top hat operator is applied to enhance the shape of the arteries (2) The morphological erosion with the half-thresholding operations are applied for removing the areas except the coronary artery (3) Starting from a usersupplied point on the tree, the system extracts whole tree using neighbour checking according to the average gray levels (4) The extracted arterial tree is skeletonized by the thinning operation (5) The edges are extracted by applying watershed transformation on the binary image obtained from a dilation operation on the binary skeleton. We categorized this work here, because of the skeletonization of arterial tree.
F. RIDGE BASED APPROACHES (RBA)
Ridge based methods work by viewing an n-dimensional grayscale (or colour) image to be a surface in an (n+1)-dimensional space by mapping intensity to height. Actually, tubular object centerlines will exist as one-dimensional (1-D) height ridges on that surface [26] . So, by mapping image intensity to height, a 2D image can be viewed as 3D and intensity ridges approximate the skeleton of the tubular objects. Ridge based methods analyze an image as 3D altitude maps. After creating the intensity map, ridge points are local peaks in the direction of maximal surface gradient, and can be obtained by tracing the intensity map from an arbitrary point, along the steepest ascent direction [1, 27] .
Guo et al. [25] proposed a ridge based extraction algorithm that used a digitized angiogram image as the height map. In this map, ridges correspond to the centerlines of the coronary arteries. They did these steps to extract artery vessel axes from angiograms: At first, the angiogram is balanced by a median filter. It is then smoothed by a projective non-linear diffusion method (anisotropic smoothing). Then, a region of interest (which is crossed by the shadow of a vessel) automatically is detected by adaptive thresholding. This action cuts the cost of the ridge extraction process and reduces the number of the false ridges introduced by noise. Next, they apply the ridge detection process to the region of interest to extract the vessel centerlines. Finally to remove the false lines, induced by noise, the extracted ridges are piped into a curve relaxation procedure and the vessel centerlines are gathered together.
Since ridge based approaches extract skeleton of a tubular object, it can be classified as a kind of skeleton based approaches.
IV. SUMMARIZATION
The studied papers are summarized in Table 1 on the basis of the pattern recognition techniques used for coronary artery segmentation in angiograms. The third column illustrates the type of approach used to segment coronary arteries. The input type column shows the input image types, such as angiography types (monoplane, biplane, rotational angiography or DSA) and input dimensionality. The enhancement column reveals the enhancement method(s) which used in each paper. The output type column denotes that segmented object is a whole tree (or part of coronary arteries), and also it is a full coronary artery (includes all the boundary, centerline and stenosis of the coronary arteries) or not. The user interaction column specifies that the segmentation is manual or fully automatic. And last column indicates that the algorithm has the capability to use for 3D reconstruction of coronary artery in the future or not.
V. CONCLUSION
The segmentation of the coronary arteries in angiograms has been a heavily researched area in recent years. The accurate extraction of the coronary arterial tree forms the foundation of many computer aided systems for observing coronary artery stenosis and other diseases. Even though many favorable algorithms and techniques have been proposed in this area, there is still room for improvement in coronary arteries segmentation. Only few of the reviewed papers served for blood vessel extraction algorithms [1, 3] and they are suitable for blood vessel segmentation of all types of the images and modalities and they did not focus on the coronary artery segmentation in angiograms. 
3D Recons
Therefore, in this paper we decided to review early and recent papers which just focus on coronary artery segmentation from angiography images. In this step, our aim was to categorize all the papers in pattern recognition techniques only and next step will be classified all the algorithms proposed in all the techniques, mentioned before in the segmentation section. Also in coronary artery extraction from angiograms, the development of algorithms which accurately extract whole tree and full coronary artery which are useful for 3D reconstruction is also an open area for research in vessel segmentation algorithms.
